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ABSTRACT
The geographic spread and proliferation of Invasive Alien Plants (IAPs) into new ecosystems 
requires accurate, constant, and frequent monitoring particularly under the changing climate to 
ensure the integrity and resilience of affected as well as vulnerable ecosystems. This study thus 
aimed to understand the distribution and shifts of IAPs and the factors influencing such distribu-
tion at the catchment scale to minimize their risks and impacts through effective management. 
Three machine learning Species Distribution Modeling (SDM) techniques, namely, Random Forest 
(RF), Maximum Entropy (MaxEnt), Boosted Regression Trees (BRT) and their respective ensemble 
model were used to predict the potential distribution of IAPs within the catchment. The current 
and future bioclimatic variables, environmental and Sentinel-2 Multispectral Instrument satellite 
data were used to fit the models to predict areas at risk of IAPs invasions in the Heuningnes 
catchment, South Africa. The present and two future climatic scenarios from the Community 
Climate System Model (CCSM4) were considered in modeling the potential distribution of these 
species. The two future scenarios represented the minimum and maximum atmospheric carbon 
Representative Concentration Pathways (RCP) 2.6 and 8.5 for 2050 (average for 2041–2060). The 
results show that IAPs are predicted to expand under the influence of climate change in the 
catchment. Concurrently, riparian zones, bare areas, and the native vegetation which is rich in 
biodiversity will greatly be affected. The mean diurnal range (Bio2), warmest quarter maximum 
temperature (Bio5), and the warmest quarter precipitation (Bio18) were the most important 
bioclimatic variables in modeling the spatial distribution of IAPs in the catchment. 
Comparatively, all the models were successful in predicting the potential distribution of IAPs for 
all the scenarios. The BRT, MaxEnt, and RF predicted the spatial distribution of IAPs with an Area 
Under Curve (AUC) of 0.89, 0.92, and 0.94, respectively. The study highlighted the importance of 
multi-source data and multiple predictive models in predicting the current and potential future IAP 
distribution. The results from this study provide baseline information for effective land manage-
ment, planning, and continuous monitoring of the further spread of IAPs within the Heuningnes 
catchment.
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1. Introduction
Globally, Invasive Alien Plants (IAPs) often outcompete 
the native species, which leads to their extinction and 
reduced biodiversity (Mooney 2005; Wilcove et al. 1998). 
The establishment and success of IAPs into new ecosys-
tems is mainly caused by environmental changes 
because of anthropogenic influences and climate 
change (Buckley, Catford, and Gibson 2016). It is 
expected that the increase in temperatures may facilitate 
and accelerate the spread of IAPs while reducing the 
resilience of natural vegetation (Ncube et al. 2020; 
Tarabon et al. 2018). This will likely increase the areas at 
risk of invasion due to the increased competition, hence 
causing massive losses in biodiversity as a result of spe-
cies range shifts or extinctions. These changes are a great 
concern to the conservation and preservation of native 
species, water resources, and biodiversity management.
Currently, the low precipitation and the already 
warmer temperatures in Africa make the continent 
to be more vulnerable to the expected extreme cli-
mate change conditions such as the vulnerability to 
the impacts of IAPs (IPCC 2014; Kotir 2010). The future 
climate in Africa is likely to experience temperature 
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increases between 3°C and 6°C before the end of the 
century (Serdeczny et al. 2016). Therefore, many 
regions in Southern Africa will experience sharp 
increases in temperatures and frequent droughts 
(IPCC 2014). These changes will likely trigger mass 
extinctions due to the loss of the biological conditions 
suitable for most indigenous species resulting in the 
opportunistic spread of IAPs. This will be due to the 
increased invasibility of host ecosystems as a result of 
extreme climatic events (Masters and Norgrove 2010). 
Lazzaro et al. (2020) highlighted the impacts of IAPs 
on natural plant communities mainly because of com-
petition. It further looked at the need for strategies to 
overcome the impacts of IAPs on indigenous species, 
particularly in the light of climate change effects. 
Therefore, there is a great and urgent need to accu-
rately model and predict the potential current and 
future distributions of IAPs to empirically prioritize 
areas for control, mitigation, and adaptation.
Localized modeling of IAPs provides critical 
insights into the processes driving vegetation 
dynamics, community structure, and the general 
functioning of ecosystems, including anticipated 
impacts. It has been shown that the use of machine 
learning algorithms to model species distributions for 
alien and native species provides useful information 
on the response of vegetation species to climate 
change (Ndlovu et al. 2018; Ncube et al. 2020). For 
instance, De La Hoz et al. (2019) and Hoveka et al. 
(2016) observed that some plant species will decrease 
in extent while others increase because of climate 
change. In a different study, Vorsino et al. (2014) also 
reported the vulnerability of ecosystems to climate 
change. The study further indicated that IAPs spatial 
distribution dynamics can be successfully determined 
using Species Distribution Modeling techniques 
(SDM) and machine learning (ML) approaches. ML 
models such as the Random Forest (RF), Maximum 
entropy (MaxEnt), and Boosted Regression Trees 
(BRT) using ‘presence-only’ data have proved their 
robustness and their ability to produce good predic-
tive performances as well as their versatility to handle 
autocorrelations (Crase et al. 2012; Fourcade et al. 
2014). The BRT model uses a maximum likelihood 
approach to merge multiple models to improve on a 
single regression tree (Elith et al. 2018). In the RF 
model, the prediction is produced by selecting the 
class with the highest random combinations in multi-
ple decision trees (Bangira et al. 2019). MaxEnt 
predicts the species occurrence by finding the max-
imum entropy of the spatial distribution, i.e. largest 
spread (Merow et al. 2013). These machine learning 
tools have been widely used for modeling species 
distributions in ecological applications. For instance, 
the use of RF in SDM has been demonstrated by 
several studies (Mudereri et al. 2020a; Zhang et al. 
2019). Yu, Cooper, and Infante (2020) demonstrated 
the ability to use BRT in improving the predictive 
ability for species distribution modeling. However, 
these models often produce slightly differing predic-
tive results because of their different algorithmic 
architecture and input data assumptions. To resolve 
the resulting uncertainties, the ensemble modeling 
approach used in this current study is relatively pop-
ular because of its ability to combine multiple models’ 
predictive strengths and reduce their individual weak-
nesses (Hao et al. 2019; Naimi et al. 2014; Ng et al. 
2018; Stohlgren et al. 2010). This increases the pre-
dictive modeling capabilities of the individual models 
(Mudereri et al. 2020a; Ng et al. 2018). For instance, 
the ensemble of RF and MaxEnt was preferred for 
mapping the distribution of alien Chromolaena odor-
ata and Mikania micrantha to reduce spatial uncer-
tainties of the predictions due to their reported 
performance in a study conducted by Nath et al. 
(2019). Also, Ng et al. (2018) modeled the invasive 
Prosopis species using multiple SDMs and concluded 
that individual SDMs achieved high accuracies while 
the ensemble model achieved the highest scores.
While it is common practice to exclusively use 
the bioclimatic predictors, incorporating remotely 
sensed data and environmental variables such as 
topography, land cover, and other geographical 
ancillary data has been reported by earlier studies 
to improve the predictive ability of models 
(Truong, Hardy, and Andrew 2017; Vorsino et al. 
2014; West et al. 2017). However, to the best of the 
authors’ knowledge, only a limited number of stu-
dies aimed at predicting the occurrence IAPs using 
data that combines computer-generated biocli-
matic data (current and future), remotely sensed 
data, and environmental variables in the global 
south and particularly in Sub-Saharan Africa. 
Therefore, coupling the Sentinel-2 multispectral 
data that has strategically placed bands and more 
vegetation-sensitive bands, with other environmen-
tal variables, has the potential to increase species 
discrimination and improve the performance of the 
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prediction and mapping. Several studies have 
already demonstrated that adding remotely sensed 
data from Sentinel-2 improves modeling, classifica-
tion, and predictions (Forkuor et al. 2017; 
Malahlela, Adjorlolo, and Olwoch 2019; Mudereri 
et al. 2019; Ndlovu et al. 2018).
Therefore, in this study, we explored the use of 
multi-source data viz. bioclimatic, topographic, 
and Sentinel-2 data as predictor variables in pre-
dicting the distribution of IAPs in varying climatic 
scenarios. This was aimed to improve the under-
standing of the potential impacts of IAPs at the 
catchment scale using MaxEnt, RF, BRT, and their 
respective ensemble model. Additionally, the 
study sought to establish the key climatic factors 
and their influence on IAP distribution under cur-
rent and projected future climatic conditions. 
Modeling IAPs under different projected climate 
scenarios allows better evaluation and anticipa-
tion of future changes in distribution, thus provid-
ing empirical and effective management and 
control (Landmann et al. 2020). Predicting the 
distribution of these species under extreme future 
climate conditions using Representative 
Concentration Pathways (RCP 2.6 and RCP 8.5) 
for best-case and worst-case scenarios will pro-
vide insights into the behavior of these species 
under these extremes.
2. Materials and methods
2.1 Study area
The Heuningnes catchment is situated within the 
Overberg region in the province of the Western 
Cape, South Africa (Figure 1). It lies between the 
latitudes 34°19` S and 34°50` S and longitudes of 19° 
35` E and 20°18` E covering a relatively small area of 
approximately 1 442 km2. Elevation ranges in the 
study area are between the sea level and ~837 m a. 
s.l. The area experiences a Mediterranean climate 
characterized by hot dry summers (November to 
March) with the maximum temperature of up to 27° 
C and wet cold winters (May to August) with mini-
mum temperatures below 10°C (Mkunyana et al. 
2018). The average annual rainfall in the catchment 
is 500 mm/year where most of the rainfall occurs in 
the mountainous region of the catchment and fed 
Figure 1. The study area showing five sub-catchments (G50B – G50F).
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down streams to low-lying areas where complex wet-
land systems occur. Crop cultivation is one of the 
major land use activities with very little urban devel-
opment taking place. This catchment falls within the 
Cape Agulhas in the Cape Floristic Region character-
ized by endemic species comprising fynbos as the 
main indigenous vegetation often within a restricted 
range. The region has the greatest proportion of land 
invaded by IAPs according to the survey done by 
Kotzé et al. (2010) and Le Maitre, Versfeld, and 
Chapman (2000). These species were initially intro-
duced in the area for timber, windbreaks, and stabili-
zation of sand dunes and have since become 
widespread. The dominant Acacia species found in 
the catchment pose threats to the biodiversity, 
water resources, protected areas, grazing lands, and 
the ecosystem at large. The occurrence of these domi-
nant IAPs in the catchment is largely found along the 
Nuwerjaar and upstream areas mostly within riparian 
and adjacent to the mountainous region. Their 
aggressive spread especially within riparian zones 
has led to the establishment of a forum to coordinate 
and implement the clearing of IAPs continuously. The 
frequent and continuous removal and burning of 
these species in attempts to mitigate their spread 
and thus impacts depict its ability to spread rapidly. 
Therefore, monitoring the spread of IAPs in this catch-
ment, and understanding climatic conditions which 
may influence its spread is essential.
2.2 Reference field data
A total number of 244 ‘presence-only’ occurrence 
data of the IAPs were used to model the potential 
distributions of IAPs in the catchment. The field sur-
vey to identify IAPs was conducted in August 2018. 
These reference data were used for the three SDMs for 
predicting the potential species distribution and habi-
tat suitability. The reference data were collected using 
a purposive sampling approach that targeted areas of 
dense IAPs stands identified in accessible site areas. 
Each of the sampling units was approximately 30 m x 
30 m in dimension. The points were collected at the 
approximate center of each of the dense IAPs stands 
to eliminate the edge-effect. For each IAP stand iden-
tified, a handheld Garmin eTrex Global Positioning 
System (GPS) was used to record the reference of 
the occurrence points at an error margin of ±3 m.
2.3 Predictor variables
2.3.1 Sentinel-2 data acquisition and pre-processing
The processing level-1 C Sentinel-2 data of the 24th of 
August 2018 was obtained from the USGS Earth 
Explorer platform (http:/earthexplorer.usgs.gov) in 
three granules (T34HCG, T34HDG, and T34HCH). 
These tiles were mosaicked into a single scene that 
covered the entire study area. The satellite image 
acquisition date was selected to align with the field 
data collection period for the day of low cloud cover 
(<5%) and availability from the sensor archive. This 
processing level (1 C) is provided as Top of the 
Atmosphere (TOA) reflectance, which has been 
orthorectified in cartographic geometry in tiles of 
100 km2 and projected to the UTM/WGS84 Zone 35S 
projection. Atmospheric correction was performed 
using the Sen2Cor processor with default settings in 
SNAP software version 6.0. The bands that were 
Table 1. Spectral and spatial characteristics of the Sentinel-2 data that were considered in modeling IAPs distribution in the catchment 






Pixel size  
(resolution) Potential application
Blue B2 490 10 Atmosphere
Green B3 560 10 Vegetation
Red B4 665 10 Vegetation
Red-edge (RE1) B5 705 20 Vegetation
Red-edge (RE2) B6 740 20 Vegetation
Red-edge (RE3) B7 783 20 Vegetation
Near-infrared (NIR) B8 842 10 Vegetation
Narrow near-infrared (NIRn) B8a 865 20 Vegetation
Short wave infrared B11 1610 20 Vegetation
Short wave infrared B12 2190 20 Vegetation
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considered in modeling the distribution of IAPs are 
indicated in Table 1. These bands have also been used 
by other studies to classify major land cover classes, 
including IAPs with an overall accuracy of >70% 
(Ncube et al. 2020; Ndlovu et al. 2018). The data 
were resampled to the 30 m pixel size with the biocli-
matic and environmental variables. These reflectance 
bands were used as inputs into the model, and to 
produce a land cover distribution showing major land 
cover types within the catchment.
2.3.2 Topographic data
The details of topographic variables considered in 
predicting the distribution of IAPs are presented in 
Table 2. Digital Elevation Model (DEM: https://dwtkns. 
com/srtm30m/) of 30 m spatial resolution was used as 
the elevation variable and to generate aspect, slope, 
Topographic Wetness Index (TWI), and Topographic 
Position Index (TPI) for the study area. Aspect and 
slope were generated from the DEM using the QGIS 
terrain analysis plugin (QGIS Development Team 
2019). Terrain variables influence soil type, soil moist-
ure, sun angle, precipitation hence the distribution of 
vegetation (Bennie et al. 2006; Perring 1956, 1959). 
The used soil type data was retrieved from the ISRIC 
data hub (http://data.isric.org/). TWI is an index for soil 
moisture which affects vegetation growth and 
composition (Gábor et al. 2020). TWI has also been 
successfully used for studying vegetation patterns 
and predicting the spatial distribution of plants 
(Sørensen et al. 2006). The TWI was derived based 






where a is the local upslope area and tanβ is the slope 
(Beven and Kirkby 1979)
TPI is generally used to categorize landform types 
in an area and describes the biophysical processes 
occurring on landscapes, which can be key in predict-
ing habitat suitability and species distribution (Seif 
2014; Weiss 2001). It is defined as the difference 
between the elevation of a cell in a DEM and a 
mean elevation of neighboring cells. Equation 2 
shows the calculation of TPI. 




where M0 is the elevation of the DEM point being 
evaluated, Mn is the elevation of the pixel grid, and 
n is the total sum of the surrounding points 
(Mokarram, Roshan, and Negahban 2015).
Table 2. The environmental, bioclimatic, and terrain variables considered to predict IAPs distribution. The predictor variables in bold 
were selected for the final modeling after removing highly correlated variables.
Environmental variable description Bioclim code Unit
Annual mean temperature Bio1 °C
Mean diurnal range Bio2 °C
Iso-thermality Bio3 -
Temperature seasonality Bio4 -
Maximum temperature of the warmest month Bio5 °C
Minimum temperature of the coldest month Bio6 °C
Temperature annual range Bio7 °C
Mean temperature of wettest quarter Bio8 °C
Mean temperature of driest quarter Bio9 °C
Mean temperature of warmest quarter Bio10 °C
Mean temperature of coldest quarter Bio11 °C
Annual precipitation Bio12 mm
Precipitation of wettest month Bio13 mm
Precipitation of driest month Bio14 mm
Precipitation seasonality Bio15 -
Precipitation of wettest quarter Bio16 mm
Precipitation of driest quarter Bio17 mm
Precipitation of warmest quarter Bio18 mm
Precipitation of coldest quarter Bio19 mm
The direction of the slope Aspect -
Altitude above sea level Elevation m
Angle of inclination Slope degrees
Topographic index TPI -
Moisture index TWI -
Thematic land cover classes Land cover -
Soil characteristics Soil types -
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2.3.3 Bioclimatic data
Bioclimatic data have been widely used in SDMs to 
determine and explain factors driving species distri-
butions (Booth 2018; Gallardo et al. 2017; Ndlovu et al. 
2018). The bioclimatic data are generated from 
monthly rainfall and temperatures. These data sets 
can be used to explain the potential species distribu-
tions by providing biologically meaningful variables 
that convey annual and seasonal mean climate con-
ditions as well as intra-year seasonality (Hijmans et al. 
2005; O’donnell and Ignizio 2012). A total number of 
19 bioclimatic variables (Table 2) representing each 
scenario for the current (1950–2000) and future cli-
mate (2050) were freely obtained from WorldClim 
(http://www.worldclim.org/) at 30 arc seconds spatial 
resolution (~1 km x 1 km). The obtained future climate 
scenarios were based on the fourth Community 
Climate System Model (CCSM4) projections (Gent et 
al. 2011; Mohammadi et al. 2019). Only two of the four 
atmospheric carbon Representative Concentration 
Pathways (RCPs) namely RCP 2.6 (minimum emission) 
and RCP 8.5 (maximum emission) proposed by the 
Intergovernmental Panel on Climate Change (IPCC) 
were selected to show the possible minimum and 
maximum impacts respectively. The RCP scenarios 
represent the minimum and maximum radioactive 
forces of 2.6 and 8.5 watts/m2 for the CO2 concentra-
tions by 2050 (IPCC 2014)
The future bioclimatic variables based on the 
minimum and maximum RCPs for temperature 
and precipitation were used to determine how 
the projected climate changes will vary to the 
current climate. Additionally, the change in the 
most important bioclimatic variables was also cal-
culated. This was achieved by subtracting the pro-
jected climatic conditions of the variables from the 
current climatic conditions following Ncube et al. 
(2020). The objective was to show the relative 
increase or decrease in the projected climate to 
determine how the variations affect the predicted 
distribution of IAPs within the study area.
2.4 Collinearity test for the bioclimatic variables
The problem associated with multicollinearity between 
predictor variables in SDMs is the inflation of coefficient 
standard errors, making some variables insignificant or 
resulting in model overfitting (Akinwande, Dikko, and 
Samson). The coefficient of Pearson’s correlation and 
the Variance Inflation Factor (VIF) were used to remove 
highly correlated variables from the models 
(Akinwande, Dikko, and Samson). The threshold used 
for the collinearity test for Pearson’s correlation was set 
at | r | >0.7 while for VIF it was set to 10 (Dormann et al. 
2013; Makori et al. 2017). The VIF measures the degree 
to which multicollinearity increases the slope estimate 
variance, based on regressing paired predictor vari-
ables against each other in multiple regression (Plant 
2012). The ‘usdm’ package in R-software was used for 
eliminating variables with high VIF and thus modeling 
the distribution (Naimi et al. 2014; R Core Team 2019). 
The threshold was set at th = 0.7 where values greater 
than the threshold are considered to be highly corre-
lated within a model (Dormann et al. 2013; Richard et 
al. 2018). Therefore, all variables identified as having a 
high correlation based on the set thresholds were 
removed.
A total number of 12 variables were selected for 
the current and future prediction (Table 2). Only the 
land cover derived from Sentinel-2 satellite bands was 
eligible for model parameterization excluding the 
reflectance spectral bands which have been excluded 
because of high collinearity. All data sets used were 
projected to the WGS84 coordinate system and 
clipped to the area of the catchment using the 
open-source QGIS version 3.8.2 (QGIS Development 
Team 2019). The selected variables used for final 
modeling were then resampled to the 30 m pixel size.
2.5 Predicting the distribution of IAPs in 
Heuningnes catchment
Semiautomatic generation of 1 000 ‘pseudo-absence’ 
points within the SDM package in R was used 
together with the collected ‘presence-only’ occur-
rence to create a ‘presence-background’ file. The use 
of presence-only models with pseudo-absence has 
been widely applied considering the challenge of 
obtaining ‘absence data’ (Downie, Von Numers, and 
Boström 2013). Only three modeling techniques, 
namely, the BRT, RF, and MaxEnt were used from the 
15 modeling techniques available within the ‘sdm’ 
package. The syntax, sample R-code, and the step- 
by-step description of how to run the SDM package 
are provided (see Naimi et al. 2014; Naimi and Araújo 
2016; Naimi 2020) for reproducible species distribu-
tion modeling.
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These models were selected for use in this study 
because they produce relatively high accurate results 
and provide predictions within geographically com-
plex environments, such as in our study area (Barakat 
et al. 2018; Makaya et al. 2019; Mudereri et al. 2019). 
Table 3 summarizes the relevant functions and 
packages used in predicting IAPs distribution for the 
three models.
After removing variables showing high collinearity 
for the current prediction, all three selected models 
were fitted and ran using the bioclimatic variables, i.e. 
Bio2, Bio5, Bio6, Bio13, Bio17, Bio18, and land cover, 
soil type, aspect, slope, TPI, TWI, and Band 8 of 
Sentinel 2 data. Similarly, the future predictions were 
run using the same bioclimatic variables as used for 
the current prediction and all the qualifying environ-
mental and topographic variables highlighted in 
Table 2. An ensemble modeling approach was further 
used to reduce the spatial differences occurring from 
the predictions of the tested models. Ensemble mod-
els fit and maximize the prediction accuracy of the 
different machine learning approaches using a 
weighted average of the highest performance from 
each model (Araújo et al.). Therefore, the weighted 
average of the TSS (True Skill Statistics) was used to 
produce the ensemble model since it comparatively 
improves the predictive power of the model when 
contrasted with using the mean or median (Naimi 
and Araújo 2016). The TSS is a widely used thresh-
old-dependent measure of the model performance 
and reliable measure to combine different models 
compared to AUC which is highly sensitive to the 
occurrence of the observations (Allouche et al. ; 
Richard et al. 2018). The threshold of TSS = 0.7 was 
set to qualify the models for inclusion in the ensem-
ble. The variable importance values were computed, 
using the randomization method which computes 
Pearson’s correlation between reference predictions 
and the shuffled variables, inherent in the ‘sdm’ pack-
age used.
The QGIS software was further used to process 
the outputs of all three models with their respec-
tive ensemble into maps for map-making and 
quantification of the potential habitat of IAPs in 
the Heuningnes catchment. The outputs of the 
three predictive models and their respective 
ensemble models were used to calculate the sui-
table areas for the occurrence of IAPs in the form 
of a binary raster image, i.e. <0.3 unsuitable and 
≥0.3 suitable. In each of these suitability cate-
gories, the total number of image pixels was then 
used to estimate the suitability or unsuitability of 
IAPs coverage within the catchment.
2.6 Model evaluation
Measuring the performance of a model is important to 
test the accuracy and reliability of its outcomes (Fois et al. 
2018). The accuracy of the models was tested, using a 10- 
fold cross-subsampling approach. The performances of 
the models were measured using the Area Under Curve 
(AUC) and TSS (Allouche et al.). The AUC values range 
between 0 and 1, where inaccurate models have values 
closer to 0 while models with an AUC value ≥0.7 show 
high predictive abilities (Mohammadi et al. 2019). On the 
other hand, the TSS is a product of sensitivity (proportion 
of true positives) and specificity that explains commission 
and omission errors performed by a model (Kyalo et al. 
2018). Similarly, the range of TSS values is between −1 and 
+1. The TSS values closer to +1 demonstrate a perfect 
agreement between the observations and predictions 
while TSS ≤ 0 indicates no agreement and thus poor 
modeling performance (Allouche et al. ; Somodi, Lepesi, 
and Botta-Dukát 2017).
2.7 The general flow of the process used in 
modeling the IAPs potential distribution
Figure 2 shows the four stages that were considered 
in modeling the distribution of IAPs and the 




Boosted regression trees ‘brt’ ‘gbm’ (Elith et al. 2008)
Random forest ‘rf’ ‘randomForest’ (Liaw and Wiener 2002)
MaxEnt ‘maxent’ ‘dismo’ (Phillips et al. 2006)
Ensemble ‘ensemble’ ‘sdm’ (Naimi and Araújo 2016)
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respective processes undertaken at each modeling 
stage. The stages included input data which involved 
data collection and consideration of predictor vari-
ables to be included. This was followed by the pre-
dictor variable preparation for modeling, using the 
three selected models and their ensemble. Finally, 
the important bioclimatic variables were identified, 
and the outputs of the potentially suitable habitats 
ensemble were obtained for the climate scenarios. 
The mapping of risk areas was produced to pinpoint 
ecosystems most susceptible to the predicted IAPs 
distribution.
Figure 2. The processes undertaken to determine current and future suitable habitats for IAPs.
Figure 3. Derived land use map of the catchment using the Sentinel-2 satellite data (Mtengwana et al. 2020).
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3. Results
3.1 Land use and land cover across the catchment 
using Sentinel-2 data
Figure 3 shows the distribution of IAPs and other land 
use and land cover classes across the catchment. The 
accuracy of the image classification results for the 
current land cover use yielded an overall accuracy of 
71% (see Mtengwana et al. 2020). The most common 
land use within the catchment is areas under cultiva-
tion, particularly in the northern parts. IAPs are pre-
dominantly within the central belt, whereas natural 
vegetation occupies the southern parts of the catch-
ment, with some bare surface areas. Also, among the 
different quaternary catchments, G50B seems to be 
the most invaded by IAPs compared to other quatern-
ary catchments. G50D and G50E are greatly character-
ized by cultivated lands with some extent of invaded 
areas. G50C is characterized by the occurrence of wet-
lands of varying sizes.
3.2. Changes in temperature and precipitation due 
to climate change
Temperature and precipitation are the general fac-
tors used to recognize the effects of climate change. 
From the bioclimatic variables, the calculated 
changes from the CCMS4 model show that the 
annual mean temperatures will increase for both 
RCP 2.6 and RCP 8.5 (Table 4). However, RCP 2.6 has 
a greater magnitude of increment in annual mean 
temperature compared to the RCP 8.5 projection. 
The annual precipitation also shows a general 
decrease in both future RCPs, with an increase in 
mean for RCP 8.5. Therefore, the catchment is 
expected to receive lower rainfall and increased 
temperatures.
3.3 Model performances for predicted species 
distribution under current climatic
RF and MaxEnt were moderately constant in their 
prediction among the replicated models compared 
to BRT as shown by the produced Receiver 
Operating Curves (ROC) in Figure 4. The RF model 
(AUC = 0.93 and TSS = 0.82) yielded the highest 
accuracy metrics for both AUC and TSS followed by 
MaxEnt with BRT obtaining the least accuracies. 
Further, all models show high values of specificity 
and sensitivity as demonstrated by the high values 
of TSS produced by both RF and MaxEnt (TSS > 0.8). 
All reported accuracies are based on current biocli-
matic climatic variables. Accuracy was not measured 
for 2050 variables since there are no reference pre-
sence data for the future timestamp period.
Table 4. Projected changes in bioclimatic variables for 2050 in Heuningnes catchment. Increases are shown by the positive values 
while negative values show decreases by the specified magnitude.
Changes
Parameter Current RCP 2.6 RCP 8.5
Annual mean temperature (°C) Min 14.55 1.97 1.55
Mean 16.83 2.25 1.75
Max 17.67 2.34 1.84
Annual precipitation (mm) Min 427 −28.00 −18.00
Mean 487 −7.00 9.00
Max 619 −26.00 −4.00
Figure 4. The ROC for (a) RF (b) MaxEnt and (c) BRT. The red curve represents the smoothened mean AUC of the 10-fold cross- 
validation subsampling (light blue curves) using the training data, while the dark blue curve depicts the mean AUC using the test data.
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3.4 The most relevant predictors for the IAP 
distribution
The most relevant variable for the modeling of the 
current species distribution across all models was land 
cover (Figure 5). Soil type was the second important 
variable in both RF and MaxEnt, with the aspect as the 
third most important variable, respectively. Sentinel-2, 
band 8 (NIR centered at 842 nm) was among the least 
important variables in all three models.
The important variables for future climate were 
similar for RF and BRT except for aspect and Bio18 
with MaxEnt showing different variable importance 
(Figure 6). The land cover was the most relevant 
non-climatic predictor across all the models, while 
TPI was the least important variable. Bio18 and 
Bio2 were the most important bioclimatic variables 
for RF and BRT, while for the MaxEnt model, Bio2 
and Bio5 were the most dominant. Notably, the 
variable importance measure for the MaxEnt 
model was dominated by bioclimatic factors. The 
variation among the variable importance predic-
tors between the models can be accounted for 
by the unique statistical approaches of each 
model. Also, the comparison of these variables 
across the models shows the influence of climate 
in predicting species distributions and land cover 
as a fundamental driver of habitat suitability.
3.5 Prediction of potential distribution
The predicted distributions vary across the models 
but show a similar pattern with suitable areas 
mostly occurring in the central regions of the 
catchment (Figure 7). However, BRT predictions 
show very distinct spatial differences in the south-
ern part of the catchment when compared to both 
the MaxEnt and RF in all three climatic scenarios. 
MaxEnt shows the expansion of IAPs in RCP8.5 
while showing a contraction in the RCP2.6 relative 
to the current prediction. This contraction is also 
observed in both future climate scenarios in RF. 
However, the future suitable areas for the occur-
rence of IAPs show expansion in both RCP2.6 and 
RCP8.5. This expansion of IAPs is shown to be 
toward the southeast part of the catchment, 
along the riparian zones in the G50B sub-catch-
ment, with great intensity. Overall, BRT shows 
clear spatial differences from the predicted suitable 
areas detected by MaxEnt and RF SDM models. To 
counteract the differences caused by the architec-
ture of each of the models, the ensemble modeling 
approach was used. The ensemble model provides 
a weighted average of the predictions and elimi-
nates the spatial uncertainty across the models, 
thus leveraging on the strength of each model 
and offsetting their weaknesses and limitations.
Figure 5. Variable importance measure for the prediction of IAPs using the current climatic scenario.
Figure 6. Variable importance measure for the prediction of IAPs under the future climatic scenario.
10 B. MTENGWANA ET AL.
Figure 7. Predicted IAPs suitability maps derived using the three machine learning algorithms used and their respective ensemble. The 
rows show respective model predictions while the columns present both the current and future climate scenarios. The red areas 
represent suitable habitats while the green areas signify unsuitable areas.
Figure 8. Estimated suitable areas (%) for the occurrence of IAP distribution in Heuningnes catchment for the current and future 
climate scenarios (RCP 2.6 and RCP 8.5).
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3.6 Quantification of the potential habitat of IAPs 
in Heuningnes catchment
Figure 8 shows the estimated suitable area percentage 
for the occurrence and distribution of IAPs. The BRT 
model shows that the estimated areas suitable for IAPs 
currently is 14.32% and this will increase by 0.01% for 
RCP 2.6 and decrease to 14.28% in RCP 8.5. For MaxEnt, it 
is expected that the suitable habitats will decrease to 
12.67%, for RCP 2.6, and increase to 13.21% under RCP 
8.5 from the current predicted 13.12%. RF shows a 
decrease from the current 10.64% suitable areas in 
both RCP 2.6 and RCP 8.5 to 9.97% and 9.63%, respec-
tively. Nevertheless, RCP 2.6 shows a greater decrease 
than RCP 8.5. Generally, the percentage of the estimated 
areas varies across all three individual models. However, 
the overall predictions using the ensemble model show 
increases in suitability areas for IAPs in both RCP 2.6 and 
RCP 8.5 by 1.21% and 0.25%, respectively.
3.7 The potential risk of invasion by IAPs in the 
Heuningnes catchment
The results of the predicted IAPs distribution demon-
strate the future invasion range and potential negative 
impacts, which could result due to the spread of IAPs 
(Figure 9). It is shown that the currently most infested 
sub-catchments (G50B, G50D, and G50E) are most vul-
nerable to the further spread of IAPs. The areas adja-
cent to the Jan Swartskraal and Koue rivers will likely be 
greatly affected. These rivers upstream feed lower 
catchment, and invasion could mean reduced stream-
flow downstream. The areas adjacent to the major 
wetlands (Voevlie and Soetendalsvlei) showed some 
extent of suitable areas, which could potentially invade 
the wetlands in the future. The areas surrounding the 
settlements are more susceptible to invasion. The pro-
tected areas likely to be considerably invaded are those 
with already established IAPs; hence, these areas do 
not show a great extent of susceptibility.
4. Discussion
The continued naturalization and spread of IAPs cre-
ates a major concern on how climate change will 
influence the distribution of these species as climate 
change is anticipated to modify the dynamics and 
ecological niches of many species both locally and 
globally (Lazo-Cancino et al. 2020). As a result, this 
can even be more detrimental to the ecosystem’s 
provision of services with the impacts severely affect-
ing both biodiversity and hydrological systems 
(Otieno, Nahrung, and Steinbauer 2019). This study 
aimed to investigate the likely climate change effects 
Figure 9. Potential risk area map posed by IAPs in the Heuningnes catchment, using ensemble predictions.
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on the distribution of IAPs under the minimum 
(RCP2.6) and maximum (RCP8.5) climate projections 
by applying the machine learning approach, using 
BRT, MaxEnt, RF, and the ensemble. It is imperative 
to explore different models to identify the models 
that can accurately predict the species distribution 
to develop optimized model approaches (Araújo et 
al. ; Beaumont et al. ; Warren, Matzke, and Iglesias 
2019). To achieve this, reputable machine learning 
algorithms and multisource datasets were success-
fully used to predict the potentially suitable areas for 
IAPs at 30 m spatial resolution in Heuningnes catch-
ment, South Africa.
4.1 Predicted and estimated future distribution 
patterns of IAPs
The overall predicted distribution showed that IAPs 
abundance will increase toward plains, particularly 
riparian zones, mostly in sub-catchment ‘G50B’ 
where most invasion currently occurs. This was also 
reported by Kotzé et al. (2010) that Acacias are likely 
to occur within river flood plains. Some parts of the 
cultivated and naturally vegetated areas also show 
great suitability for IAPs. Our findings are in line with 
those of Gutierres et al. (2011) who found that these 
species can be associated with lowlands, agricultural 
lands, and margins of lakes in Sesimbra County, 
Portugal. Furthermore, it was estimated that the sui-
table potential habitats of IAPs currently cover ~9% 
of the study area and will increase to ~11%. This 
increase conveys that suitable habitats have not 
been fully invaded and will continue under the influ-
ence of the changing climate. Notably, it has been 
pointed out that IAPs have not reached equilibrium 
in South Africa (Rouget et al. 2004). Despite the high 
accuracy of our models, the potentially suitable areas 
for IAPs in this study could have been underesti-
mated due to sampling effort, with predicted suita-
ble areas not showing some of the currently invaded 
areas and the small difference between the currently 
invaded areas and future predicted suitable habitats 
for 2041 to 2060. This is also because the dominant 
Acacia species are known for their rapid spread.
4.2 The most relevant predictor variables
There was a variation in the importance of pre-
dictor variables across the models which can be 
related to the predictive power of the models and 
their respective underlying algorithms. These 
observations suggest that the prediction of suita-
ble habitats is dependent on the type of model 
used since each model employs a different set of 
equations or algorithms to perform the predic-
tions (Mudereri et al. 2020a). Nonetheless, the 
land cover showed to be an important predictor 
variable for IAP distribution in BRT and RF with 
climate variables showing dominance in the 
MaxEnt. Although current land cover was estab-
lished as a very important variable and also used 
in similar studies such as Ye et al. (2018) and 
Pang, De Alban, and Webb (2021) for future pre-
diction, the results of the predictions obtained 
must be used with caution as land cover will likely 
change in the future.
Nonetheless, other studies have also shown 
that land cover is an important driver of habitat 
change (Ndlovu et al. 2018). In contrast, the land 
cover had minor importance in modeling IAP dis-
tribution in a study conducted by Terzano et al. 
(2018) on a larger scale. On the other hand, some 
studies (Nath et al. 2019; Terzano et al. 2018) have 
shown that climate predictors are the most impor-
tant variables in predicting species distribution; 
this was partially demonstrated in this study by 
the MaxEnt model. The incorporation of these 
important variables, however, has been under-
stood to provide realistic predictions for suitable 
habits (Thalmann et al. 2015). The mean diurnal 
range, the maximum temperature of the warmest 
quarter, and the precipitation of the warmest 
quarter were the most important bioclimatic pre-
dictor variables. Even though remote sensing data 
facilitates the prediction of IAPs over inaccessible 
areas (Pearce and Boyce 2006), reflectance spec-
tral bands showed little contribution in the pre-
diction of suitable habitats for IAPs except the 
land cover derived from these bands. Other stu-
dies were able to show relatively considerable 
contributions of remote sensing derivatives, such 
as vegetation indices (Mudereri et al. 2019b). 
Therefore, the use of remotely sensed derived 
variables, such as vegetation indices, may provide 
more insights into species physiochemical proper-
ties for improved prediction than reflectance 
spectral bands.
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4.3 Impacts of IAPs under the current and projected 
climate changes
Climate projections suggest potential increases in the 
annual mean temperature for the catchment, while 
there will be an observable decrease in annual pre-
cipitation. Declines in available water resources and 
rainfall patterns have already been observed in the 
study area due to climate variability and drought 
impacts (Orimoloye et al. 2019). Additionally, the 
dominant and rapid spreading of Acacia species (A. 
saligna, A. longifolia and A. cyclops) has been observed 
in the catchment. These species are likely to adapt to 
these new anticipated conditions since they show 
high drought tolerance (Ivanova and Symes 2019). 
Their increasing spread in riparian zones will largely 
contribute to reduced streamflow (Prinsloo and Scott 
1999). It has been found that these species are most 
likely dependent on surface water and thus may be a 
great threat when expanding to these areas (Sher, 
Wiegand, and Ward 2010). It was also found that the 
water use of A. longifolia occurring in riparian zones in 
low-lying areas than in hillslopes was dependent on 
soil moisture and used more water (Mkunyana et al. 
2018). Protected areas, natural vegetation, particularly 
low shrubland (fynbos) are potentially at risk of being 
invaded causing biodiversity loss due to increased 
competition for available ecosystem resources. 
These areas are to a greater extent already invaded 
by IAPs. Therefore, the predicted future expansion of 
IAPs will exacerbate the negative impacts on the 
rivers, wetlands, and biodiversity of the catchment.
4.4 Evaluation of the model performances
The predictions of the potential distribution of IAPs 
were better than random (AUC and TSS > 0.5) for all 
three individual models. It was noted that RF pro-
duced the highest accuracy followed by MaxEnt and 
BRT with marginal differences. Similar studies by 
(Guan et al. 2020) and (Stohlgren et al. 2010) showed 
the same pattern with the latter models predicting 
IAPs habitat suitability at relatively high accuracy 
across the models, although based on different algo-
rithms (Downie, Von Numers, and Boström 2013; 
Mohammadi et al. 2019; Pearce and Boyce 2006). 
The robustness of these models was further evident 
in the spatial distribution of predicted suitable habi-
tats. All three candidate models predicted a similar 
distribution pattern across all the climatic scenarios in 
major suitable areas, although spatial differences can 
also be observed. This could be attributed to the 
predictive power of the algorithm and the 
approaches used by each model (Araújo et al.). For 
example, both MaxEnt and RF models, which per-
formed better than BRT did not predict suitable habi-
tats along the southern catchment boundary in all 
three climate scenarios. This contradicts the land 
cover results, which show the presence of IAPs occur-
rence close to built-up areas in the southernmost part 
of the catchment. This can suggest a reduced ability 
to deal with sampling bias toward areas where sam-
pling is most accessible. Even though MaxEnt can 
handle sparse and irregular occurrence data, it 
assumes that the area of interest is systematically 
sampled (Kramer-Schadt et al. 2013).
Several studies showed that there is no convincing 
evidence to suggest that there is an overall model 
that is better than all (Guo et al. 2019; Hao et al. 2019; 
Mudereri et al. 2020b). Therefore, the use of the 
ensemble analysis becomes paramount in all predic-
tive modeling, especially for producing a realistic and 
encompassing prediction (Araújo et al.). As such, the 
ensemble model was successfully used to produce 
predictions by including only models with a TSS > 
0.7 as opposed to AUC due to associated criticisms 
to ensure only strong models are included (Allouche 
et al.). The advantage of ensembles is their ability to 
minimize the spatial uncertainties of the models for 
each climate scenario to enable reliable spatial esti-
mates (Downie, Von Numers, and Boström 2013; Guan 
et al. 2020; Pearce and Boyce 2006).
Although the findings of this study provide critical 
insights on the current and potential distribution and 
shift of IAPs in the Heuningnes Catchment, South 
Africa, there is a need for further research to investi-
gate their distribution in detail. For instance, there is a 
need to map and quantify areas affected by species 
invasive species in the area. The use of high spatial 
resolution spatial data like Worldview or Rapid Eye 
and Unmanned Aerial Vehicles (AUVs) has the poten-
tial to identify specific species.
5. Conclusions
Climate change effects characterized by reduced rainfall 
and increased temperatures will facilitate the distribution 
of IAPs and increase their abundance in the catchment. 
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Riparian zones, low-lying areas, and natural shrublands 
are the most vulnerable areas and must be prioritized in 
management efforts to reduce the impacts on biodiver-
sity loss and water losses through increased evapotran-
spiration. These results have also demonstrated the 
combination of multiple strong predictive models to 
reduce spatial uncertainties for realistic suitable habitat 
predictions for effective management practices. The esti-
mated areas suitable for IAPs in this study are better than 
random but may have been underestimated. Further 
investigation is required by considering species-specific 
potential distribution and more ecologically meaningful 
remotely sensed derived variables as opposed to reflec-
tance spectral bands. Nonetheless, the results provide 
useful insights into the effective management of IAPs 
and may be used for prioritized monitoring.
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